Rapid development of railway has heightened the need for the researches on hypereutectoid heavy rail steels. Artificial intelligence method has become an effective tool to realize materials composition design. In this paper, BP neural network models are constructed to determine the relationship among (Cr, P, S, V) alloying elements, mechanical performance and microstructure of hypereutectoid rail steels. Analysis based on this model reveals that Cr is the most prominent element for mechanical properties. The tensile strength, yield strength and hardness can be improved with the increasing content of Cr and V. The addition of P and S seems to decrease the strength and hardness of rail steels. Furthermore, the addition of (Cr, P, S, V) has a slight impact on the content of pearlite dual phases. The increase of (Cr, V) and decrease of (P, S) can contribute to an increase in ferrite content with the associated decrease in cementite. Experimental results agree well with the prediction based on the BP neural network model. This work provides an excellent basis for assessing the mechanical performance and microstructure of hypereutectoid heavy rail steels.
I. INTRODUCTION
The explosive economy growth promotes the demands of heavy-haul railway transportation [1] . Subjected to the increasing repetition of loads, a damage phenomenon appears faster and more frequently [2] . Enhancement on strength has become a critical issue to prolong its service life.
Traditional material researches rely on a considerable amount of trial experimental designs which are time-consuming and costly. At present, rapid development of computer technology promotes the materials genome technologies and is of critical importance for materials design [3] - [5] . Materials data mining is performed using artificial intelligent method to construct mathematical models from experiment data. Recently, artificial neural network has shown remarkable performance to construct complex relationship in materials science and engineering [6] - [8] . Several researches based on these approaches have been presented. Guo and Sha [9] provided a model relating the composition, The associate editor coordinating the review of this manuscript and approving it for publication was Ildiko Peter . process parameters to the properties of maraging hardening stainless steel using artificial neural network. And it is proved that the model fitting results were in great agreement with the experimental values. Pattanayak et al. [10] proposed a multi-objective model based on artificial neural network and genetic algorithm was used to reversely optimize the network model to acquire the proper composition and process parameters of microalloy pipeline steels. Zgoul [11] proposed an artificial neural network to predict the stress-strain curve and model the material properties of steel frames for high temperature applications.
Given the importance of the effects of composition on microstructure and mechanical properties, the utilization of artificial neural network models for composition optimization has become essential to hypereutectoid heavy rail steel. In present paper, BP neural network models were constructed and followed by training and testing. Accordingly, mechanical test and metallographic analysis were performed to validate the constructed models. Relationships among (Cr, P, S, V) elements, microstructure and mechanical properties for rail steels were determined and discussed. VOLUME 8, 2020 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ 
II. EXPERIMENTAL PROCEDURE
According to the GB/T 228.1-2010 standard, tensile tests were performed by a computer controlled electronic universal testing machine (CMT5305) with a maximum force of 300kN. Microhardness was measured at different points using a TH320 Rockwell hardness tester (PYJS-CD-Z-021) with an applied indenting load of 150kgf (Diamond indenter). The holding time and recovery time are 5s and 1s respectively. Location of measured points on angular bisector was shown in Fig.2 , with 5 mm from the surface for the first point. Each test was repeated five times to enhance the reliability and accuracy of results. Metallographic analysis of the rail steel was studied using scanning electron microscopy (SEM) techniques with Zeiss Merlin Compact scanning electron microscope.
III. MODELING OF BP NEURAL NETWORK A. ARCHITECTURE OF BP NEURAL NETWORK
As one of the most common supervised learning algorithms, multi-layered BP neural network has become an effective analytical tool in materials science. The architecture of BP network is shown in Fig.2 . Topological structure within BP neural network model includes input layer, hidden layer and output layer [12] . It can be used to learn and store a great deal of mapping relations of input-output model without disclosing a prior mathematical equation or empirical formula [13] . Through training the sample data, the weights and thresholds of networks are constantly revised to decrease the error function along the direction of negative gradient until acquiring the expected output. Researches have been reported that enough hidden layers and hidden nodes in the BP neural network could advance the nonlinear mapping relationship approximated with arbitrary precision [14] . Its excellent self-adaptive and self-learning ability can provide an applicable method for material design and properties prediction [15] - [17] . In this paper, the great generalization ability enables BP network to predict the complex and non-linear relationship between composition and performance of steels. In modeling, several steps for training process of BP neural network were listed as follows [18] .
Step 1: According to the system input and output (X, Y), the number of the input layer nodes n, the number of the hidden layer nodes l and the number of the output layer nodes m are determined. The connection weight W ij between the input layer and the hidden layer, and the connection weight W jk between the hidden layer and the output layer are initialized. The hidden layer threshold a and output layer threshold b are initialized. And the learning rate and neuron activation function are given.
Step 2: According to the input variable x, the connection weight W ij between the input layer and the hidden layer, as well as the hidden layer threshold a, the hidden layer output H is obtained.
where f is the activation function of hidden layer, which is selected as
Step 3: According to the hidden layer output H , connection weight W jk and threshold b, the predicted output of BP neural network Q k can be obtained.
Step 4: The network prediction error e k is calculated according to the prediction output Q k and the desired output
Step 5: According to the network prediction error e k , the connection weight W ij and W jk are updated.
where, η is the learning rate.
Step 6: Update of thresholds. According to the network prediction error e k , the threshold a and b are updated.
Step 7: To determine whether the iteration of the algorithm is over, if not, return to Step 2.
According to the algorithm above, BP neural networks were provided to model a strong relationship among the (Cr, P, S, V) elements, microstructure and mechanical performance.
B. BP NEURAL NETWORK TRAINING
Data of composition and properties of heavy rail steels were obtained by thermodynamic calculation, as shown in Appendix A. A three-layer BP neural network can easily meet the mapping requirements of general functions and approximate to any number of variable functions through any precision requirements [19] . Thus, several three-layer BP neural networks are utilized to generate the prediction models to investigate the effect of (Cr, P, S, V) elements on the mechanical performance. The neurons in the input layer denote the (Cr, P, S, V) elements and the neurons in the output layer denote yield strength, tensile strength and hardness, respectively. The number of nodes in the hidden layer is determined by the training results and is finally set to 10, which can avoid over-fitting effectively and promote computing efficiency. As a low learning rate requires more training time, the learning rate was determined to be 0.1 in this work. The target error of neural network training allowed was selected as 0.00004 and the maximum number of learning was set to 100. 87 percent of the data were employed to train the networks and then tested on the remaining data points.
As Fig.3 indicates, relationship among (Cr, P, S, V) elements, yield strength, tensile strength, hardness, ferrite and cementite content were modeled based on the BP neural network. The most striking aspect of the data is the regression value(R), which determines the correlation between the outputs and targets. It suggests that a great fitting effect can be found when the R value is close to 1. It can be seen from Fig.3 (a) , (b), (c) and (d) that the correlation coefficients between the predicted values and training output values are 0.99995, 0.99996, 0.99995, and 1, respectively. The prediction data are uniformly distributed near the regression line, which indicates that the predicted values of neural networks agree well with the training output values. Thus, the BP neural networks developed in this work can be used to predict the microstructure and mechanical properties with high accuracy.
C. BP NEURAL NETWORK VERIFICATION
To ensure the effectiveness of constructed BP neural network model, tests were performed on the remaining data points in Appendix A. Fig.4 plots the asymptotes of training values obtained from BP neural network and testing values. Despite a small deviation observed between two asymptotes lines, the training effect is also accepted. It should be noticed that the R values coincide closely with training results, which suggests that the model has the high precision and generalization performance. Thus, the BP neural network model could provide a good reference for prediction.
IV. RESULTS AND DISCUSSION

A. EFFECT OF (Cr, P, S, V) ELEMENTS ON MECHANICAL PERFORMANCE
Further researches have been discussed on the effect of (Cr, P, S, V) elements on mechanical performance using the BP neural network discussed above. During the examination, two alloying elements contents were changed and other alloying elements contents remain constant for one time. Variation of mechanical properties resulting from alloying elements is presented in Fig.5 and Fig.6 , respectively.
It is emphasized that an increase of yield strength, tensile strength and hardness can be found with the addition of Cr and V. It is considered that the enhancement of strength and hardness may result from solid solution formed in alloys. In addition, both Cr and V can contribute to a delay in the transformation to pearlite, resulting in the decrease of interlamellar spacing in the pearlitic microstructure as larger supercooling is allowed, which improves the rail strength. Furthermore, excessive Cr tends to form the chromium carbides, which can additionally contribute to the refinement of interlamellar spacing. Previous research [20] also proposed that the Cr addition can modify the characteristics of cementite and is partitioned to the phases between cementite and ferrite in a certain ratio during transformation. V is also expressed as a strong carbide forming element. Its dispersed carbide particles precipitate in ferrite at austenite grain boundaries, inhibiting the recrystallization of austenite and the growth of grains. Thus, the solid solution strengthening and grain refinement also plays an important role for improving the mechanical performance in steels. Instead, the addition of Cr has greater effect compared with V. On the other hand, the addition of P and S seems to decrease the strength of rail steels and also invite undesirable hardness. Thus, this prediction can give an effective reference for the optimization of composition admeasurements for rail steels. Cr elements and it shows a decrease in cementite content. This phenomenon also suggests that Cr and V are forming elements in ferrite. In addition, data from Fig.8 indicates that with the successive increase of S and P, a decrease in ferrite content is recorded with the associated increase in cementite. Notably, variation of ferrite and cementite content resulting from the addition of (Cr, P, S, V) is less than 1%. This suggests that their effects on the content of pearlite dual phases are not remarkable. 
V. EXPERIMENTAL VERIFICATION
Experiments were conducted using 2 types of hypereutectoid rail steels to investigate the dependence of steel performance on (Cr, P, S, V) elements. Composition of the testing steels were examined and illustrated in Table. 1.
Comparison between the network predicted and experimental values of mechanical properties were highlighted in Table. 2. The average relative errors of tensile strength, yield strength and hardness are 4.95%, 5.01% and 6.17%, respectively, indicating a good coincidence degree. Thus, these results suggest that the BP neural network model developed in this work has good predictive capabilities for information technology companies to provide some theoretical support.
Microstructure observation of the hypereutectoid heavy rail steel was performed by SEM to verify the interaction between composition and microstructure. Further researches were performed on the content of ferrite to verify the reliability of the model and the feasibility of predicting methods. Micromorphology investigation presents that the steel has a pearlitic microstructure, as shown in Fig.9 . Comparison between experimental and predictive values of ferrite content was highlighted in Fig.10 . Despite the accuracy of experimental results affected by work hardening during sample preparation, the relative prediction error the testing rail steels are 3.85% and 12.52%. It can be deduced that the model can predict the ferrite content with a high accuracy of 92.82% which shows a satisfactory effectiveness. Generally, relationships among (Cr, P, S, V) elements, mechanical properties, and microstructures can be modeled by the constructed BP neural network with a high reliability.
VI. CONCLUSION
BP neural networks were provided to determine the relationship among the (Cr, P, S, V) elements, mechanical properties and microstructure. The network model shows a great verification and exhibits a high reliability. The conclusions are summarized as follows.
(1) The fitting results of network suggests that Cr exhibits the most significant effect on the mechanical properties. The tensile strength, yield strength and hardness can be enhanced when the content of Cr and V increases. The addition of P and S seems to decrease the strength and hardness of rail steels.
(2) Regarding the researches on the microstructure, the addition of Cr and V contributes to the increase of ferrite content and the decrease of cementite. With the successive increase of S and P, a decrease in ferrite content is recorded with the associated increase in cementite.
(3) With regard to the mechanical behavior in tensile test, a satisfactory precision was obtained after network prediction. Micromorphology investigation presents a pearlitic microstructure in rail steel and ferrite content examined by experimental method shows a great coincidence degree with the predicted results by BP neural network.
